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Ethno-pharmacological relevance: Natural products have long been the most important source of in-
gredients in the discovery of new drugs. Moreover, since the Nagoya Protocol, ﬁnding alternative herbs
with similar efﬁcacy in traditional medicine has become a very important issue. Although random se-
lection is a common method of ﬁnding ethno-medicinal herbs of similar efﬁcacy, it proved to be less
effective; therefore, this paper proposes a novel targeted selection method using data mining approaches
in the MEDLINE database in order to identify and select herbs with a similar degree of efﬁcacy.
Materials and methods: From among sixteen categories of medical subject headings (MeSH) descriptors,
three categories containing terms related to herbal compounds, efﬁcacy, toxicity, and the metabolic
process were selected. In order to select herbs of similar efﬁcacy in a targeted way, we adopted the
similarity measurement method based on MeSH. In order to evaluate the proposed algorithm, we built
up three different validation datasets which contain lists of original herbs and corresponding medicinal
herbs of similar efﬁcacy.
Results: The average area under curve (AUC) of the proposed algorithm was found to be about 500%
larger than the random selection method. We found that the proposed algorithm puts more hits at the
front of the top-10 list than the random selection method, and precisely discerns the efﬁcacy of the
herbs. It was also found that the AUC of the experiments either remained the same or increased slightly
in all three validation datasets as the search range was increased.
Conclusion: This study reveals and proves that the proposed algorithm is signiﬁcantly more accurate and
efﬁcient in ﬁnding alternative herbs of similar efﬁcacy than the random selection method. As such, it is
hoped that this approach will be used in diverse applications in the ethno-pharmacology ﬁeld.
& 2016 The Authors. Published by Elsevier Ireland Ltd. This is an open access article under the CC BY-NC-
ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Natural products have long been the most important source of
ingredients in the discovery of new drugs. This is widely accepted
because more than 80% of drug substances are natural products or
were inspired by natural compounds (Sneader, 1996). In order to
discover the ingredients of medicines more efﬁciently, various
screening approaches are being developed with which natural
products can be used in the drug discovery process. These include
data mining and virtual screening techniques which can be ap-
plied to databases of natural products. This is because more efﬁ-
cient and effective application of natural products will improve the
drug discovery process and reduce the cost of drug development
(Harvey, 2008). Moreover, because the availability of some herbs
has declined rapidly due to their widespread usage, i.e. ForsythiaIreland Ltd. This is an open accessuspense and Cordyceps sinensis among others, these screening
techniques are also being applied to replace rare ethno-medicinal
herbs with similar efﬁcacy (Ang-Lee et al., 2001). Furthermore,
because the Nagoya Protocol entered into force in October 2014,
there is likely to be ﬁerce competition among countries to secure
preemptive rights to state-owned indigenous resources, thereby
making the discovery of alternative herbs of similar efﬁcacy in
traditional medicine a very important issue (Nagoya protocol,
2015).
The various screening methods for selecting natural products
or ethno-medicinal herbs can be categorized into two groups:
(1) random selection, which does not consider taxonomic afﬁ-
nities, ethno-medicinal contexts or other intrinsic qualities, and
(2) targeted selection, which uses phylogenetic, ecological, or
ethno-pharmacological knowledge (Cox and Alan, 2008; Douwes
et al., 2008). As previously reported, there is an extremely low
probability of discovering useful compounds by random screening,
i.e. approximately one in 10,000 (Douwes et al., 2008). In order tos article under the CC BY-NC-ND license
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researches have been conducted. Clark et al. (1997) identiﬁed the
criteria and derived a simple scoring system for searching for local
alternatives to Phytolacca dodecandra in more sophisticated ways,
rather than resorting to random selection (Clark et al., 1997).
Meanwhile, Douwes et al. (2008) used regression analysis to
identify plant orders and families favored by traditional healers
within the highly diverse ethno-medicinal ﬂora of southern Africa,
and proved that the use of these plants by traditional healers is not
random. Fang et al. (2013) proposed a mathematical and logical
method of replacing rare herbs and simplifying traditional Chinese
medicine formulae, and also proved its reasonableness from the
perspective of pathway enrichment analysis.
Although these advanced research projects used various
methods to overcome the shortcomings of random selection, such
as simple scoring, regression analysis, or a logical formula, none, as
far as we know, exploited and mined the vast body of information
and knowledge pertaining to biology, medicine, and botany.
Nevertheless, the mining of bio medical texts to unearth knowl-
edge or generate hypotheses has become a very active research
ﬁeld, yielding successful results (Yoo and Hu, 2006; Huang et al.,
2011). Recently, moreover, the semantic information of the medi-
cal subject headings (MeSH) thesaurus is being applied to cluster
documents of Medical Literature Analysis and Retrieval System
Online (MEDLINE or MEDLARS Online), which is the largest bio-
medical database in the world, with over 20 million articles
(Suomela and Andrade, 2005; PubMed, 2015). Thus, in this paper,
in order to overcome the shortcomings of the random selection of
ethno-medicinal herbs, we propose a novel method of targeted
selection using data mining approaches in the MEDLINE database
to identify and select herbs with similar efﬁcacy. And, in order to
prove the accuracy and performance of the proposed method, we
constructed three validation datasets with original herbs and si-
milar efﬁcacy herbs in Korea and conducted the relevant
experiments.Fig. 1. Flow chart of the proposed algorithm.2. Materials and methods
2.1. Process of proposed method
In order to select herbs with similar efﬁcacy in targeted ways,
we propose an algorithm of similarity based on MeSH (SoM),
which exploits data mining methods in the MEDLINE database. In
our previous work, the basic idea and conceptual process of al-
gorithm are suggested without implementation, experiments and
veriﬁcation (Yea et al., 2014). As depicted in Fig. 1, the SoM algo-
rithm comprises four steps: First, the scientiﬁc names of the ori-
ginal plants designated as target herbs and candidate herbs are
extracted from the reference database, which contains data of
medicinal herbs and the corresponding original plants. Second, the
extracted scientiﬁc names are used to search articles in the
MEDLINE, i.e. “‘Chrysanthemum indicum’ or ‘Chrysanthemum mor-
ifolium’” is used for chrysanthemum ﬂower, and the MeSH terms of
searched articles forms the MeSH vector for each herb. Third, the
MeSH thesaurus and similarity calculation, which are explained in
Sections 2.2 and 2.3, are adopted to draw similarity scores be-
tween the target herb and each candidate herb using the MeSH
vectors built in the previous step. Finally, the candidate herbs are
rated according to their similarity score against the target herb. In
the third step, however, the similarity scores are calculated in-
dividually for four different MeSH categories, and thus the rating
results can be provided in four different ways, as explained in
Section 3.2.2.2. MeSH category selection
Although MeSH has been geared speciﬁcally for information
retrieval, it can almost be regarded as a general purpose vocabu-
lary for semantic extraction and document analysis, comprising
concepts from all areas of the biomedical domain. Moreover, in
MEDLINE-which is the largest biomedical database in the world,
and to which free access is provided by Pubmed-almost all the
papers stored in it have MeSH tags which are extracted and an-
notated by human experts (Suomela and Andrade, 2005; Yoo et al.,
2006). The MeSH thesaurus is a controlled vocabulary produced by
the National Library of Medicine (NLM) that is used for indexing,
cataloging, and searching for biomedical and health-related in-
formation and documents. Many synonyms, near-synonyms, and
closely related concepts are included as entry terms in order to
help users to ﬁnd the most relevant MeSH descriptor for the
concept they are seeking. For instance, there are 27,149 descriptors
in the 2014 MeSH; and there there are also over 218,000 entry
terms that assist users in ﬁnding the most appropriate MeSH
heading, for example, “Ferrous Ascorbate”, “Magnorbin”, “Vitamin
C”, and so on are the entry terms for “Ascorbic Acid” (Medical
Subject Headings, 2015). Among the sixteen categories of MeSH
Table 1
MeSH categories and corresponding preﬁxes.
Category Preﬁx Selected Category Preﬁx Selected
Anatomy A No Anthropology, education, sociology and social phenomena I No
Organisms B No Technology, industry, Agriculture J No
Diseases C Yes Humanities K No
Chemicals and drugs D Yes Information science L No
Analytical, diagnostic and therapeutic techniques and equipment E No Named groups M No
Psychiatry and psychology F No Health care N No
Phenomena and processes G Yes Publication characteristics V No
Disciplines and occupations H No Geographical Z No
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‘Diseases’, ‘Chemicals and Drugs’, and ‘Phenomena and Processes,’
which contain terms related to herbal compounds, efﬁcacy, toxi-
city, and the metabolic process. MeSH descriptors are updated
annually, and so there are slight differences between the various
versions. In this study, we selected the 2014 version of MeSH for
the experiments.2.3. Similarity calculation based on MeSH
Recently, the semantic information of the MeSH thesaurus has
been applied to the clustering of MEDLINE documents. By mea-
suring the similarity between sets of MeSH terms that have been
extracted from articles in the Pubmed, Yoo et al. (2006) and Zhu
et al. (2009) successfully clustered the articles in the MEDLINE and
proved that this approach outperformed previous ones. Moreover,
Zhu et al. (2009) extensively compared the existing semantic si-
milarity algorithm based on MeSH and found by experiment that
Jiang and Conrath's (1997) was the best one.
Assume that v and v′ are arbitrary nodes in the MeSH the-
saurus tree. The closest common ancestor of v and v’′is denoted as
( ′)cca v v, and the set of all descendants of v is denoted as ( )des v .
Given a corpus C, the information of v is calculated by
( )= − ∑ ′∈ ( )
( ′)I v log v des v
count v
N
, where N is the total number of MeSH
terms in the corpus C. Finally, the similarity between the two
nodes v and v’′ can be obtained from the formulae below. Ac-
cording to Zhu et al. (2009), the best performance occurs when
λ=2or3.
( )( ) ( ) ( )′ = ( )+ ′ − × ′ ( )Dist v v I v I v I cca v v, 2 , 1
( ) λ′ = ( )λ− ( ′)Sim v v e where is constant to adjust steepness, , 2Dist v v,
If we assume that T and T′ are MeSH vectors and D and D′ are
documents, then ={ }T v , ′={ ′}T v , ={ }D T , and ′={ ′}D T . Because the
MeSH descriptors appear multiple times in the thesaurus tree, this
must be considered when measuring the similarity between the
vectors of the MeSH terms or between documents. The similarity
of two documents D and D′ can be obtained from the formulae
below, and the similarity score ranges from 0 to 1. A score of
0 means that the two documents have no common MeSH terms,
whereas a score of 1 means that the two documents have the exact
same vector of MeSH terms (Zhu et al., 2009).
( ) ( )
( )
( ) ( )
′
=
∑ ′ ′ + ∑ ′
+ ′
( ) = ( ( )) ∈ ( )
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where max f T max f t for each t T
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,
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( ′)
=
∑ ( ( ′) ′) + ∑ ′
+ ′
( ) = ( ( )) ∈ ( )
∈ ′∈ ′
Sim D D
Sim T T D Sim T T D
D D
where max f D max f T for each T D
,
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T D T D
2.4. Performance evaluation of the proposed method
The proposed method, which is explained in the previous
sections, rates candidate herbs based on their similarity scores.
This kind of method is known as the top-N recommendation al-
gorithm, which is widely used in many commercial information
technology systems (Deshpande and Karypis, 2004; Cremonesi
et al., 2010). A common methodology employed in evaluating the
performance of an algorithm is the ‘root mean squared error’
(RMSE) or ‘mean absolute error’ (MAE). Cremonesi et al. (2010),
however, argued that the RMSE does not really measure the per-
formance of the top-N recommendation algorithm whereas recall
which is one kind of accuracy measure, and denoted in the below
expression is a more natural yardstick, as it directly assesses the
quality of the top-N recommendation algorithm. And they proved
this through their experiments with various algorithms and da-
tasets.
=
( )
recall
number of hits
number of candidates 5
Moreover, Deshpande and Karypis (2004) suggested a new
measure which is known as the ‘average reciprocal hit-rank’
(ARHR), which rewards each hit based on where it occurs in the
top-N list. If h is the number of hits that occur at the positions
…p p p, , , h1 2 within the top-N lists, then the ARHR is equal to.
∑=
( )=
ARHR
N p
1 1
6i
h
i1
The highest value of ARHR is equal to the recall and occurs
when all the hits occur in the ﬁrst position, whereas the lowest
value of ARHR is equal to recall
N
when all the hits occur in the last
position in the top-N list (Deshpande and Karypis, 2004). And
then, because the performance of the experiments is measured by
recall and ARHR, the experimental results are plotted in curved
graphs. In order to compare the performance, we calculate the
area under curve (AUC), which is often used to compare models in
data mining or machine learning. In addition, because it is an in-
tegrated means of measurement of a measurable effect or phe-
nomenon, it is widely used as a cumulative measurement in
pharmacokinetics (Hanley and McNeil, 1983). Because the SoM
algorithm gives top-N recommendations, it is appropriate to treat
each recommendation as a unit. Thus, if we assume Mi is the
measurement of the experiments, the AUC is calculated as the
below expression. Thus the value of the AUC ranges from 0 to 1,
where ‘0’ signiﬁes the worst performance and ‘1’ the best, ideally
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AUC M
1
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i
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2.5. Validation datasets with original herb and similar efﬁcacious
herbs
In order to evaluate the SoM algorithm, we built three different
validation datasets containing lists of the original herb and the
corresponding medicinal herbs with similar efﬁcacy. They are
abbreviated according to their source as follows: OMB (old medical
books), HEC (herbal experts' consensus), and POK (pharmacopoeia
of Korea). Before constructing the validation datasets, we made a
reference dataset containing a total of 448 medicinal herbs and the
corresponding original plants listed in the Korean Pharmacopoeia
and the Korean Herbal Pharmacopoeia (Korean Food and Drug
Administration, 2014; Korean Food and Drug Administration,
2012), and we used reference dataset to make search query for the
herbs in the three validation datasets. In order to construct the
OMB dataset, we reﬁned the data in three steps. First, we extracted
1415 sentences from ancient Korean medical books, namely,
Hyang-Yak-Jip-Seong-Bang (Lee, 1997) and Dong-Ui-Bo-Gam (Don-
guibogam translation committee, 1969) and Chinese medical
books, i.e. Shou-Shi-Bao-Yuan (Li and Wang, 1999) and Pen-Tsao-
Kang-Mu (Liu and Liu, 1999) using the keywords in Table 2. Second,
herbal experts examined and ﬁltered out unsuitable sentences
such as ‘not herbal replacement in context’, ‘use-case in alternative
formulae’, ‘same plant but using different parts’, ‘animal medicine’,
or ‘mineral medicine,’ thereby providing 227 sentences. Finally, by
ﬁltering out herbs that weren't included in the reference dataset,
we constructed the OMB dataset, which comprises 58 original
herbs and 79 herbs of similar efﬁcacy.
In order to construct the HEC dataset, we used the knowledge
of traditional Korean medicinal herbal experts, Professor Young-
Sung Ju at the department of herbology in Woosuk University
(Jeonju, Republic of Korea) and Dr. Goya Choi at the K-herb re-
search center in the Korea Institute of Oriental Medicine (Daejeon,
Republic of Korea). Regarding the herbs in the reference dataset,
they selected together original herbs which require herbs of si-
milar efﬁcacy owing to economic necessities; we then asked two
experts to draw up lists of similarly efﬁcacious plants which are
currently being used or are capable of being used in clinical
treatment and research. If the similar efﬁcacious plants in the list
didn't match each other, we asked them to discuss the differences
and reach agreements. Moreover, through clinical trials lasting
thousands of years in Korea, huge amounts of diverse medicinalTable 2
Keywords used to extract herbs with similar efﬁcacy from ancient medical books.
Group Keywordsn G
Search terms Translation
代 (replace) 代之 Replace it 同
代以A Replace by A
可代 May be replaced
則代 Will be replaced, if 
或A代之 Or it is replaced by A
用A代之 It is replaced by A
去A代B Remove A, replaced by B
亦 (also) 亦效 Is also effective 功
亦名A Is also called A
亦可通用 Can also be used commonly
n A or B is the position of the arbitrary herbal name.herbs have been tested and applied to patients. This accumulated
knowledge regarding the application of medicinal herbs has been
ofﬁcially legitimated in the Korean Pharmacopoeia and the Korean
Herbal Pharmacopoeia (Korean Food and Drug Administration,
2014; Korean Food and Drug Administration, 2012). In order to
construct the POK dataset, we used herbs with multiple original
plants, e.g. Ostericum koreanum Maxim., Notopterygium incisum
Ting ex H.T.Chang, and Notopterygium forbesii H.Boissieu are ad-
mitted as Ostericum root in the Korean Pharmacopoeia. Ostericum
koreanum, however, is a different genus from the others, and is
relatively far from the others in terms of systematic botany. As
such, it is not easy to infer that these three plants have similar
medicinal efﬁcacy, and thus we assumed that the POK is a very
strict validation dataset.3. Results
3.1. Construction of validation datasets
We have constructed three different validation datasets, i.e.
OMB, HEC, and POK, as shown in Tables S1, S2, and S3 in the
supplement. The OMB dataset comprises 58 original herbs and 79
similar efﬁcacious herbs; and the number of distinct plants with
different scientiﬁc names is 83 and 93 for original herbs and si-
milar efﬁcacious herbs, respectively, as shown in Table 3. In con-
structing the HEC dataset, we asked medicinal herbal experts to
specify the scientiﬁc names of each herb; the number of scientiﬁc
names is 47 and 31 for original herbs and similar efﬁcacious herbs,
respectively. Among the 448 medicinal herbs in the reference
dataset, we found that only 115 herbs have multiple original plants
and that the number of distinct original plants is 267. In the ex-
periment with the POK dataset, we used one of the multiple ori-
ginal plants as the original herb and the other original plants as
similar efﬁcacious herbs, and rotated them. For example, Jehol
Ligusticum Rhizome and Root consists of Ligusticum tenuissimum
Kitag., Ligusticum sinense Oliv., and Ligusticum jeholense Nakai et
Kitag. in the reference dataset, and can be evaluated in three dif-
ferent ways, as follows: First, Ligusticum tenuissimum Kitag. is an
original herb while Ligusticum sinense Oliv. and Ligusticum jeho-
lense Nakai et Kitag. are similar efﬁcacious herbs; second, Ligusti-
cum sinense Oliv. is an original herb while the others are similar
efﬁcacious herbs; and third, Ligusticum jeholense Nakai et Kitag. is
an original herb while the others are similar efﬁcacious herbs.roup Keywordsn
Search terms Translation
(same) 性同 Of the same nature of drug
與A同 Of the same nature of drug as A
同類 Category of the same nature of drug
主治亦同 Treatment is the same
性味頗同 The nature of drug is the same
(efﬁcacy) 同功 Has same efﬁcacy
功同 Of the same efﬁcacy
與A同功 Has the same efﬁcacy as A
功用 Efﬁcacy and usage are the same
功用同 Efﬁcacy and usage are the same
Table 3
Summary of 3 validation datasets with corresponding source of information.
Dataset Original herbs Similar efﬁcacious herbs Source
Number of herbal
medicine
Number of plant
species
Number of herbal
medicine
Number of plant
species
OMB 58 83 79 93 Ancient medical textbooks
HEC 26 47 29 31 Consensus of medicinal herbal experts
POK 115 267 – – Korean pharmacopoeia Korean herbal
pharmacopoeia
S.-J. Yea et al. / Journal of Ethnopharmacology 182 (2016) 27–34 313.2. Performance evaluation of the proposed method
As explained in Section 2.1, the similarity scores of the two
herbs are calculated individually for each selected MeSH category,
i.e. C, D, and G, which are the preﬁxes of ‘Disease’, ‘Chemicals and
Drugs’, and ‘Phenomena and Processes,’ as denoted in the ﬁgures
and explanations below. However, T does not belong to the MeSH
category but is the mean of C, D, and G, i.e.
( ′) = ( ′) + ( ′) + ( ′)Sim D,DT Sim D,D Sim D,D Sim D,D3
C D G . Because the SoM algo-
rithm rates candidate herbs for each target herb, every target herb
holds a list with the number of distinct herbs. Thus, if the algo-
rithm rates candidate herbs by random selection, its recall rates
are
size of distinct herbs
1 and ARHRs are calculated from this. In order to
compare the performance of the SoM algorithm against random
selection, we plotted the experimental results of the SOM algo-
rithm and random selection together in the ﬁgures, as shown
below. Then we evaluated performance of the SoM up to the top-
10 recommendations, which corresponds to 15.15%, 34.48%, and
3.58% of the number of distinct herbs in each of the OMB, HEC, and
POK datasets.
3.2.1. Evaluation based on recall
Fig. 2 shows the performance of the SoM algorithm on the
three different validation datasets. It is apparent that the SoM al-
gorithm outperforms random selection. For instance, the recall of
D in the POK dataset is 0.39, whereas the recall of random selec-
tion is 0.04, i.e. the SoM algorithm can predict 39% of the medic-
inal herbs with similar efﬁcacy in the top-10 recommendations,
while random selection shows only 4% probability. As can be seen
in Fig. 2, the recall of T is 0.38, thus showing the highest degree of
accuracy in the OMB dataset, whereas the recall of D is 0.45 and
0.39 in the HEC and POK datasets, respectively, and thus it out-
performs the others. However, the recall of random selection
shows very low rates of accuracy, i.e. 0.15, 0.34, and 0.04 in the
OMB, HEC, and POK datasets, respectively.
As noted in Table 4, the AUC of T is larger than any of the others
and about 300% larger than random selection in the OMB dataset;
and the AUC of D is larger than the others, and about 200% larger
than random selection in the HEC dataset. In the case of the POK
dataset, the AUC of D is larger than any of the others, and aboutFig. 2. Recall of the SoM algorithm and random selection regarding the top-1500% larger than random selection. As shown in Fig. 2 and Ta-
ble 4, there is only a slight difference between each category in the
OMB and HEC datasets, whereas the difference is quite large in the
POK dataset, i.e. the recall of D outperforms the others; and the
average AUC of the SoM algorithm is about 500% larger than the
random selection method.
3.2.2. Evaluation based on ARHR
Fig. 3 shows the performance of the SoM algorithm regarding
each hit based on where it occurred in the top-10 list. Contrary to
the graph of recall in the previous section, it can be seen that
saturation occurs in the ARHR graph. In the case of the OMB da-
taset, the ARHR of T is 0.16 and outperforms the others; whereas
random selection is 0.04. And, in the HEC and POK datasets, the
ARHR of D is 0.26 and 0.22, respectively, thus outperforming the
others; whereas random selection is 0.10 and 0.01 for each dataset.
As can be seen in Table 5, the AUC of C is 0.1337, and is slightly
larger than T; and, moreover, it is about 400% larger than random
selection in the OMB dataset. In the HEC and POK datasets, the
AUC of D is larger than the others, and is about 300% and 2600%
larger than random selection. Contrary to the AUC of recall shown
in Table 4, it can be seen that there is only a small difference be-
tween each category in the OMB dataset, whereas the difference is
quite large in the HEC and POK datasets.
3.2.3. Comparison of performance by different search range
In order to ﬁnd out the effect of the search range in MEDLINE,
we used the [DP] tag, which is a ﬁlter of publication dates. As can
be seen in Fig. 4, we measured the recalls of D in three different
search ranges, i.e. 2010, 2014, and 2015. Contrary to the other
dates, the results for 2015 were covered by published articles up to
March 17. Fig. 4 shows that the recalls of 2014 and 2015 are the
same or slightly different, whereas the recalls of 2010 are some-
what different to the others.
In order to measure the difference more accurately and quan-
titatively, we calculated the AUC of each graph in Fig. 4. As can be
seen in Table 6, we found that the AUC of the experiments stayed
the same or increased slightly in all three datasets as the search
range was increased. This means that the performance of the SoM
algorithm improves according to the expansion of the search10 recommendations (a) OMB dataset, (b) HEC dataset. (c) POK dataset.
Table 4
AUCs of recalls of SoM algorithm and random selection regarding top-10 recommendation.
Dataset Category AUC Dataset Category AUC Dataset Category AUC
OMB C 0.2329 HEC C 0.2448 POK C 0.1487
D 0.2253 D 0.3586 D 0.3053
G 0.1886 G 0.2586 G 0.1740
T 0.2721 T 0.3069 T 0.2420
Random 0.0833 Random 0.1897 Random 0.0197
Fig. 3. ARHRs of the SoM algorithm and random selection regarding the top-10 recommendation. (a) OMB dataset, (b) HEC dataset, (c) POK dataset.
Table 5
AUCs of ARHRs of the SoM algorithm and random selection regarding the top-10 recommendation.
Dataset Category AUC Dataset Category AUC Dataset Category AUC
OMB C 0.1337 HEC C 0.1158 POK C 0.1101
D 0.1111 D 0.2457 D 0.2043
G 0.0919 G 0.1486 G 0.1238
T 0.1336 T 0.1878 T 0.1651
Random 0.0337 Random 0.0766 Random 0.0080
Fig. 4. Recalls of the SoM algorithm and random selection regarding the top-10 recommendation with 3 different search ranges for D in the MeSH category, (a) OMB dataset,
(b) HEC dataset, (c) POK dataset.
Table 6
AUCs of the recalls of the SoM algorithm and random selection regarding the top-10 recommendation with 3 different search ranges for D in the MeSH category.
Dataset Search range AUC Dataset Search range AUC Dataset Search range AUC
OMB  2010 0.1937 HEC  2010 0.3586 POK  2010 0.2836
 2014 0.2139  2014 0.3586  2014 0.3053
 2015 0.2253  2015 0.3586  2015 0.3053
Random 0.0833 Random 0.1897 Random 0.0197
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MEDLINE accumulates between 2000 and 4000 completed refer-
ences each day (MEDLINE Fact Sheet, 2015), it is reasonable to
expect that the performance of the SoM algorithm will improve
over time.
4. Discussion
As stated in Section 2.4, the highest value of the ARHR is equalto the recall and occurs when all the hits occur in the ﬁrst position,
whereas the lowest value of the ARHR is equal to recall
10
when all the
hits occur in the last position in the top-10 list (Deshpande and
Karypis, 2004). Thus, in order to evaluate the performance of the
SoM algorithm in terms of the position of each hit, we drew Ta-
ble 7, which was calculated from the ratio of the ARHR's AUC in
Table 5 to the recall's AUC in Table 4. If we distribute the hits
equally in the top-10, i.e. random selection, the ratio of it is about
Table 7
The ratio of the ARHR's AUC in Table 5 over recall's AUC in Table 4.
Dataset Category Ratio Dataset Category Ratio Dataset Category Ratio
OMB C 0.5741 HEC C 0.4730 POK C 0.7404
D 0.4931 D 0.6852 D 0.6692
G 0.4873 G 0.5746 G 0.7115
T 0.4910 T 0.6119 T 0.6822
Random 0.4046 Random 0.4038 Random 0.4061
Table 8
Licorice in the pharmacopoeia of ﬁve countries in Far East Asia.
Country Original plants Standard
South Korea Glycyrrhiza uralensis Fisch., Glycyrrhiza
glabra L., Glycyrrhiza inﬂata Batalin
glycyrrhizic acidZ2.5%
liquiritigeninZ0.7%
China Glycyrrhiza uralensis Fisch., Glycyrrhiza
glabra L., Glycyrrhiza inﬂata Batalin
glycyrrhizic acidZ2.0%
liquiritigeninZ0.5%
Taiwan Glycyrrhiza uralensis Fisch., Glycyrrhiza
glabra L., Glycyrrhiza inﬂata Batalin
glycyrrhizic acidZ2.0%
Japan Glycyrrhiza uralensis Fisch., Glycyrrhiza
glabra L.
glycyrrhizic acidZ2.5%
North Korea Glycyrrhiza uralensis Fisch., Glycyrrhiza
glabra L.
–
S.-J. Yea et al. / Journal of Ethnopharmacology 182 (2016) 27–34 330.40, as shown in Table 7, whereas the ratio of the SoM algorithm
ranges from 0.47 to 0.74, and the mean value of the ratios of the
SOM algorithm is 0.60, which is much higher than that of random
selection. From this result, we could conclude that the SoM algo-
rithm puts more hits at the front of the top-10 list and fewer hits
in the rear.
In order to investigate the performance of the SoM algorithm,
we take as an example licorice, which is a popular ethno-medic-
inal herb and the legitimate original plants are Glycyrrhiza ur-
alensis Fisch., Glycyrrhiza glabra L., Glycyrrhiza inﬂata Batalin which
are perennial plants belonging to the Leguminosae family. The
original plants are collected in spring or fall, and their root-rhi-
zome is used as licorice. Licorice has various grades of quality, just
like ginseng, and that produced in Inner Mongolia and Uigur is
known to be of the best quality. Licorice is registered in the
pharmacopoeia of ﬁve countries in Far East Asia, as shown in Ta-
ble 8 (KIOM Herbarium, 2015).
Licorice is used in the treatment of chronic inﬂammatory
conditions, and is known to possess certain anticancer and anti-
viral activities. It is also known to be effective in increasing food
intake, regaining weight, and alleviating toxicity (Korean Medical
College and Society of Botany, 2004; Farag et al., 2012). It is widely
used as a single herb or as a formulated prescription in traditional
medication in ﬁve countries in Far East Asia. As can be seen in
Table 8, two original plants are legitimate in all ﬁve countries and
one original plant is legitimate in three countries. This species
contains a plethora of phytochemicals including terpenoids, sa-
ponins, ﬂavonoids, polyamines and polysaccharides. Comparative
studies have been conducted to understand the similarities andTable 9
Similarity matrix among three original plants and one allied species of licorice.
Glycyrrhiza uralensis Glycyrrhiza glabra
Glycyrrhiza uralensis C: 1.0000 D: 1.0000
G: 1.0000 T: 1.0000
C: 0.5384 D: 0.5734
G: 0.6719 T: 0.5946
Glycyrrhiza glabra – C: 1.0000 D: 1.0000
G: 1.0000 T: 1.0000
Glycyrrhiza inﬂata – –
Glycyrrhiza pallidiﬂora – –dissimilarities of the bioactive compounds in three original plants
of licorice using metabolite proﬁling and ﬁngerprinting (Farag
et al., 2012; Tao et al., 2013).
In order to conduct a close performance analysis of the SoM
algorithm, we added another allied species-Glycyrrhiza pallidiﬂora
Maxim., which is capable of being used in clinical treatment or
research, but which is not proven to have the same or similar ef-
ﬁcacy. We calculated the matrix of similarity among the three
original plants and one allied species plant, as shown in Table 9, by
searching articles dated up to July 2, 2015. As noticed, the simi-
larity of the same plant is 1.0 in all categories, and the similarities
between the three legitimate original plants in Table 8 are high,
whereas the similarities between the three legitimate original
plants and added allied species are quite low. From this analysis,
we could assume that the SoM algorithm can precisely discern the
herbs in terms of their efﬁcacy.5. Conclusion
As for the usability of the SoM algorithm, this can 500% more
accurately predict herbs with similar efﬁcacy than random selec-
tion with regard to the top-10 recommendations; puts more hits at
the front of the top-10 list; and precisely discerns the efﬁcacy of
herbs. Moreover, the SoM algorithm will be more accurate with
the passage of time because of the continuing accumulation of
articles in the MEDLINE database. The SoM algorithm is very useful
in identifying bioactive compounds in natural products and al-
ternative herbs with similar efﬁcacy, because the prohibitive time
and cost of random surveys has necessitated the development of
sophisticated selection methods (Clark et al., 1997). Furthermore,
the SoM approach enables researchers to not only exploit up-to-
date literature on the specialized scope of ﬁelds, but also to make
specialized customization according to their research goals by
modifying the MeSH thesaurus. In the ethno-pharmacology ﬁeld,
the SoM algorithmic approach could be further explored to iden-
tify bioactive compounds of natural products.Acknowledgements
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